Magnetic resonance images of the spinal cord play an important role in studying neurological diseases, particularly multiple sclerosis, where spinal cord atrophy can provide a measure of disease progression and disability. Current practices involve segmenting the spinal cord manually, which can be an inconsistent and time-consuming process. We present an automatic segmentation method for the spinal cord using a novel combination of deformable atlas based registration and topology preserving classification to address the challenges inherent to MR images of the spinal cord. Using real MR data, our method is shown to be highly accurate when compared to segmentations by manual raters. In addition, our results always maintain the correct topology of the spinal cord, therefore providing segmentations more consistent with the known anatomy.
INTRODUCTION
The analysis of spinal cord magnetic resonance (MR) images is used for studying a number of neurological diseases [1] , particularly multiple sclerosis, where spinal cord atrophy has been shown to correlate with disability [2] and as a measure for assessing the effects of potential neuroprotective therapies [3] . Recent work has shown correlations between sensorimotor dysfunction and magnetization transfer (MT) signals in dorsal and lateral white matter columns in spinal cord MTweighted images [4] . Current analysis, however, is generally performed using manual segmentations of the images. The relatively small size of the spinal cord causes manual segmentations to be time-consuming, making it difficult and costly to analyze large quantities of data. In addition, manual raters are often inconsistent, may carry bias, and require sufficient training.
Quite a number of methods have been proposed for automatic segmentation of the spine in CT images [5] [6] [7] , and semi-automatic segmentation of the spinal cord in MR images [8] [9] [10] [11] . However, only a few attempts have been made to design a fully automatic segmentation method. Nieniewski [12] proposed a morphological watershed approach, and more recently, Koh [13] presented a method specifically for T2-weighted images of the lumbar region using gradient vector flow fields. Both of these methods, however, requires a manually or heuristically chosen starting point to initialize the algorithm. In addition, the methods were only tested on T2-weighted images, and may not necessarily be adaptable for use with other modalities with lower contrast, such as MT-weight images.
There are several difficulties associated with automatic segmentation of the spinal cord in MR images. Its inherent non-rigidness causes the shape and curvature of the spinal cord in the image to be highly dependent on the subjects and their position within the scanner. This makes atlas-based registration approaches for segmentation difficult, since the accuracy of the registration is diminished if the image being seg-Spinal Cord 2-Class Result 3-Class Result Fig. 2 . Two and three-class segmentations using a standard tissue classification tool [14] on several axial slices of magnetization transfer weighted MR images. The spinal cord is the dark structure at the center of the image and the CSF is the light structure surrounding the spinal cord.
mented differs too greatly from the atlas. This is particularly true for methods that use rigid or affine registration to construct statistical atlases from manual segmentation, since the probabilities cannot be calculated properly with the various possible curvatures of the spinal cord. Fig. 1 shows several examples of this variability. Additional problems for segmentation include the presence of nerve roots, partial voluming with the dura mater, limited resolution and possible influences on the image from the vertebral bodies. These issues all contribute to difficulties when using existing segmentation tools that rely on correctly classifying the tissue intensities. Fig. 2 shows an example of results from a standard tissue classification method [14] that is capable of accounting for gain field inhomogeneity. To demonstrate the difficulty, the intensity classification was performed only on the spinal cord and cerebrospinal fluid (CSF) with all other surrounding tissues and structures in the image removed. We can see that even without the influence from the surrounding tissues, the results were still poor in many areas.
To address these problems, we present a fully automatic intensity based method for segmentation of the spinal cord (and surrounding CSF) that uses a combination of an atlasbased deformable registration approach with a topology preserving classification technique.
METHODS 2.1. Overview
Our method for spinal cord segmentation involves two primary steps. First we use a deformable registration technique to align an intensity atlas to the target image to be segmented. The mapping found from this alignment is then applied to a topology template and statistical atlas associated with the intensity atlas. This provides the initialization for the second step, which uses a topology preserving classification approach, similar to that presented in [15] for brain segmentation. This technique iteratively estimates the tissue intensity classification and uses it to evolve the topology template using homeomorphic thinning and growing. With each iteration, the topology template is modified to be closer (and eventually converging) to the segmentation of the spinal cord.
The primary advantage of using a topology constraint derives from the well defined topology of the spinal cord and CSF. From the anatomy, we know that the spinal cord and CSF together have a cylindrical topology, where the CSF completely surrounds the spinal cord. By maintaining this constraint, the algorithm prevents misclassification that might break this topology, such as the examples shown in Fig. 2 , where areas exterior to the CSF were misclassified as spinal cord.
Image Acquisition
The MR data used in our experiments were of the cervical spinal cord, acquired from the C2-C6 vertebral body levels. The scans were performed with the same 3-Tesla Intera scanner (Philips Medical Systems, Best, The Netherlands) using body coil excitation and two-element phased array surface coil reception. Each image was composed of 2.25mm slices with nominal in-plane resolution of 0.6 x 0.6mm. The images were MT-weighted, using a MT prepulse applied 1.5 kHz off resonance (24 ms, five-lobed sincgauss pulse with maximum amplitude 9.5 mT), as described in [16] . Other parameters: repetition time 110 ms, echo time 13 ms, flip angle 9 , echo planar imaging factor 3 and SENSE acceleration factor 2.
Atlas Alignment using Deformable Registration
Deformable registration is used to initially align an intensity atlas to the target image. This is performed using an adaptation [17] of the ABA registration algorithm presented in [18] , which models a deformation field, v(x), using a summation of radial basis functions (RBFs), Φ(x):
where c i are the center locations of the RBFs and w i are the coefficients being optimized. The algorithm attempts to maximize the normalized mutual information (NMI) [19] between two images, which has been shown to be a robust variant of the mutual information similarity metric commonly used for registration of MR images [20] . Fig. 3 shows an example of the result from this initial atlas registration.
Once the deformation field is found between the intensity atlas and the target image, the mapping is directly applied to the statistical atlas. However, the deformation may not necessarily maintain the topology of the template. To address this, a homeomorphic approximation of the deformation field is constructed using the iterative method presented in [21] . This allows the template to be transformed without changing its initial topology.
Atlases Construction
For the purpose of our experiments, a subject was randomly chosen from the data to serve as the intensity atlas and its manual segmentation was used as the topology template. Four other subjects were then deformably registered to the intensity atlas using the same method described in Section 2.3. The corresponding mappings were applied to the manual segmentation for these subjects. The four transformed manual segmentations along with the original segmentation for the intensity atlas were then used to create the statistical atlas by calculating the probability of the correct segmentation at each voxel in the image. The resulting probabilities were Gaussian-smoothed to reduce discrete drop-offs in the atlas.
Homeomorphic Thinning and Growing
The final step in our method follows very closely the homeomorphic thinning and growing technique presented in [15] for brain segmentation, which describes the following in much greater detail. The approach first uses the initialization of the topology template to estimate the membership of each voxel, which represents the likelihood that the intensity at the voxel belongs to a particular tissue class. Then each structures in the template is thinned using a fast marching algorithm that removes the voxels with the lowest membership from the structure. After the structures are thinned, voxels are grown back by expanding the structure towards the voxels with the highest membership and prior probabilities from the statistical atlas.
Both the thinning and growing process are done while maintaining a digital homeomorphism criterion [15] , which checks that the changes to the template do not affect its topology. This guarantees that the resulting segmentation always has the same topology as the starting template. Following the thinning and growing step, the memberships are recalculated since the template has changed to better represent the segmentation. This process is repeated until convergence, at which point the template represents a good approximation of the true segmentation of the spinal cord.
RESULTS
Twenty MT-weighted MR images of the cervical spinal cord were used to evaluate our method. Each image had a corresponding segmentation performed by a manual rater, and four of the images had repeated segmentations by two different raters. The automatic results from our method were compared with the manual segmentations by calculating their Dice overlap: Dice(A, B) = 2|A∩B| |A|+|B| , which is the volume of the overlap divided by the average of the volume of each segmentation, with a value of one indicating perfect overlap. Table 1 shows the average and standard deviation of the Dice overlap of the spinal cord and CSF when using just the atlas registration, when using our method, and when comparing between two manual raters. We can see that for both structures, our method dramatically improved the results from using just the atlas registration, and is overall very comparable to the overlap achieved between two manual raters.
Qualitative assessment was also performed by visually inspecting the automatic results in regions that were identified as difficult to segment during the manual segmentation. The results for these regions (examples shown in Fig. 4 ) were found to be of roughly the same quality as the manual segmentations. 
DISCUSSION AND CONCLUSION
We have introduced a fully automatic algorithm for segmentation of the spinal cord in magnetic resonance images. Our results showed a high level of accuracy compared to segmentations performed by manual raters.
We have shown how various artifacts present in spinal cord MR images and the highly variable shape and curvature of the spinal cord can negatively impact the performance of standard segmentation methods. Our method addresses these issues by utilizing a novel combination of deformable registration and homeomorphic segmentation. This also assures that the results from our method will always have the correct topology of the spinal cord, therefore providing segmentations more consistent with the known anatomy.
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Manual Segmentation Automatic Segmentation Fig. 4 . Axial and sagittal views of an MT-weighted image and its segmentation produced manually and automatically.
Although only MT images were used in our experiments, our method is not dependent on any specific modality. By simply switching the intensity atlas, the method can be easily applied to any MR imaging modality where there is sufficient contrast in the spinal cord. Future work will focus on segmentation of finer structures in the spinal cord, such as the gray matter and the individual columns of the white matter.
